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Abstract 
Crowdsourcing is a promising approach for Human Factors survey research. We explored the use of a relatively new 
crowdsourcing platform called CrowdFlower. Our survey focused on the relationship between self-reported traffic accidents and 
violations measured with the Driver Behaviour Questionnaire (DBQ). We obtained 1,862 responses within 20 hours at a cost of 
$247. The demographic correlates of DBQ violations were consistent with those of traditionally recruited samples. The 
correlation between DBQ violations and self-reported accidents was ȡ = .28. Self-reported accidents at the national level (N = 18 
countries) correlated strongly (ȡ = .68/.79) with accident statistics published by the World Health Organization. Large 
international differences were observed, with horn honking being relatively common in India and Indonesia and speeding being 
common in some Western countries. We conclude that CrowdFlower is an efficient tool for conducting international surveys. 
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1. Introduction 
1.1. Crowdsourcing as an alternative to traditional survey methods 
Surveys are widely used to collect information from the general public. Traditional surveys attempt to recruit 
representative samples via mail, telephone, or face-to-face interviews. These survey methods are usually expensive 
and laborious, resulting not only in a long time to publication, but also in relatively small sample sizes. Recent 
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literature has indicated that surveying large and representative samples via the Internet is possible (cf. the Gosling-
Potter Internet Personality Project, containing data of more than 3 million respondents [1,2]). Unfortunately, 
distributing and promoting an Internet survey may require substantial investments. Crowdsourcing refers to 
obtaining services from a dedicated online community. Opposite to ‘traditional’ Internet surveys, crowdsourcing-
based surveys are usually conducted in return of a small fee. Advantages of crowdsourcing compared to physical 
recruitment are completion speed, population diversity, anonymity, reduced social desirability, and low costs [3]. 
1.2. Amazon Mechanical Turk (MTurk): The dominant crowdsourcing platform for research purposes 
Researchers have come to appreciate crowdsourcing as a research tool. Launched in November 2005, Amazon 
Mechanical Turk (MTurk) is currently the most popular crowdsourcing platform for research purposes. Researchers 
(‘requesters’ in MTurk terminology) upload tasks to MTurk, to be completed by respondents (called ‘workers’). 
Several studies have compared the demographic profile of crowdsourced samples with that of 
laboratory/university student samples and samples collected over the Internet. Results showed that MTurk workers 
are more diverse and at least as (if not more) representative of the general population (e.g., [4–9]). The test-retest 
reliability of MTurk samples has been reported to exceed that of traditionally collected samples [5,10,11]. Other 
studies have compared the self-reported demographics with criterion data. Rand [12], for example, compared the 
self-reported country of residence with information extracted from the IP addresses of 176 MTurk workers and 
found an agreement of 97.2%. Shapiro et al. [13] found that, of the 530 MTurk workers they recruited, 6% reported 
faulty demographic information. The level of financial compensation does not seem to affect the quality of response, 
but higher compensation fees have been associated with lower dropout rates [3,14]. Crump et al. [14] replicated 10 
classic psychological tasks, including reaction time experiments, rapid stimulus presentation tasks, and learning 
tasks. MTurk samples behaved similar to the laboratory samples, with an exception of advanced learning tasks, in 
which MTurk workers had more difficulty. Repeatedly asking the MTurk workers to study the task instructions until 
they answered all comprehension questions correctly improved task performance. Indeed, it has been found that 
with the right tutorial, MTurk workers can learn even complex engineering tasks [15].  
1.3. CrowdFlower: A recent alternative to MTurk 
In October 2007, MTurk stopped supporting requesters from outside the U.S.. Nowadays, the MTurk website 
reads: “Requesters must provide a U.S. ACH-enabled bank account and a U.S. billing address”. Restrictions also 
apply with respect to workers. Since late 2012, purportedly in an effort to conform to labor laws, MTurk moved to 
an invitation-only registration. International workers may still be accepted, but the review criteria are not disclosed. 
The first author of this paper tried to register as an MTurk worker and was kindly rejected with the following e-mail 
“We regret to inform you that you will not be permitted to work on Mechanical Turk. Our account review criteria 
are proprietary and we cannot disclose the reason why an invitation to complete registration has been denied”. 
Various crowdsourcing platforms other than MTurk exist, such as CrowdFlower, CloudCrowd, ShortTask, and 
MicroWorkers (for an overview see [16] and www.crowdsortium.org). Opposite to MTurk that has its own 
workforce, CrowdFlower is an aggregator platform delegating tasks to multiple partner channels (e.g., 
www.clixsense.com) via which users are recruited. More than 1 billion tasks have been completed via CrowdFlower 
by 5 million contributors, and an estimated five man-years of work is completed on a daily basis. We also reviewed 
other crowdsourcing platforms, but most appeared to focus on writing, transcribing, tagging, text editing, and 
Internet searching. CrowdFlower seemed most suitable for scientific (survey) research. 
Despite the existence of alternative crowdsourcing services, MTurk has almost monopolized crowdsourcing for 
scientific research. Chandler et al. [17] argued that the focus on simple and fast tasks, the screening of workers to 
preserve quality, and the existing infrastructure of MTurk with respect to payments, are three main reasons why 
scientists use MTurk for research purposes. We did find a number of early studies mentioning CrowdFlower, but 
even in these cases, CrowdFlower was used to delegate the job to MTurk workers (e.g., [18–20]). This is not 
possible anymore, because since December 2013 CrowdFlower does not include MTurk in their partners. 
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In 2014, the number of studies using CrowdFlower for research purposes has increased. CrowdFlower has 
recently been used in behavioral and psychological experiments [21–24], (psycho)linguistic experiments [25–27], 
and for investigating public perceptions [28–30]. 
1.4. Aim of the present study: to investigate the DBQ-accidents relationship using CrowdFlower 
In this study we used CrowdFlower to study the relationship between self-reported violations and accidents. Road 
traffic accidents are a major public health concern, with traffic violations being an important predictor of accidents 
[31,32]. Young male drivers are a particularly vulnerable group, being involved in a disproportionate number of 
accidents and traffic violations [31,33]. 
A previous meta-analysis on the Driver Behaviour Questionnaire (DBQ) [34] showed that men report more 
violations than women (r = .15), that older drivers report fewer violations than younger drivers (r = í.22), that 
people who drive more kilometers per year report more violations (r = .06), and that people who report more 
violations also report more accidents (r = .13). Due to range restriction, these correlations may be underestimates of 
the true effects in the population. Illustratively, Martinussen et al. [35] found considerably stronger correlations 
between the DBQ violations scale and age (r = í.46, N = 3,908) among respondents in a broad age range (18–84 
years). Recently, the validity of the DBQ has been debated. Af Wåhlberg et al. [36] argued that the correlation 
between the DBQ and accidents is “too small to be of any practical or theoretical significance” (p. 93). 
We aimed to investigate whether the violations-accidents correlations reported in the literature are replicable in 
an internationally crowdsourced sample. We also investigated the respondents’ knowledge about automated driving, 
considering that automated driving systems could be a future remedy for traffic violations and road traffic accidents. 
Large national differences exist in accident rates, with some low-income countries exhibiting over 10 times more 
road-traffic fatalities per inhabitant and over 100 times more road-traffic fatalities per registered motor vehicle than 
some high-income countries [37]. Previous research on cross-national differences in traffic violations using the 
DBQ pointed toward distinct driving styles between countries, but only a handful of countries were involved in 
these studies (Great Britain, Finland, and the Netherlands in [38]; Great Britain, Finland, the Netherlands, Greece, 
Iran, and Turkey in [39]; Finland, Sweden, Greece, and Turkey in [40]; Qatar and United Arab Emirates in [41]; 
Qatar, Jordan, Indian subcontinent, and Philippines in [42]). We used CrowdFlower to make an international 
comparison of self-reported traffic violations. Furthermore, we estimated the correlation coefficient between self-
reported and registered accident data available from the World Health Organization (WHO) [37]. 
2. Method 
We created a survey on www.crowdflower.com. The survey asked for age, gender, driving frequency and 
mileage, traffic violations, accident involvement, and familiarity with automated vehicles. The seven violation items 
were taken from the DBQ as used by De Winter [43], which in turn was taken from Wells et al. [44]. Table 1 shows 
the variables collected through the survey. 
In the instructions we informed the respondents that the survey would take approximately 3 min. The task 
expiration time was set at 8 min. In order to gather data from an as large and diverse population as possible, no 
restrictions with respect to the respondents’ country of residence were set, and ‘Level 1 contributors’ were selected, 
that is, the lowest of the three available levels, accounting for 60% of CrowdFlower’s monthly completed work. 
Respondents were not allowed to submit multiple surveys from the same IP address. We offered a payment of $0.10 
per respondent for completing the survey. We requested 1,862 surveys, so that the cost was lower than $250. 
Means and standard deviations were reported for the 16 variables shown in Table 1. Next, Spearman correlations 
were calculated between self-reported violations and age, gender, mileage, and accidents. Averages of self-reported 
accidents and violations were analyzed per country (as provided by CrowdFlower by default, based on the 
respondents’ IP addresses). Spearman correlations were also calculated between the mean number of self-reported 
accidents per country and the number of road fatalities per 100,000 inhabitants (based on the regression point-
estimate of road traffic deaths for 2010 and the population in 2010 per country, both taken from WHO [37]). 
Spearman correlations were also calculated between the mean number of self-reported accidents and road fatalities 
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per 100,000 vehicles (based on the regression point-estimate of road traffic deaths for 2010 and the number of 
registered motor vehicles in 2010 per country, both from WHO [37]). A strong correlation between self-reported and 
registered data would be indicative of the validity of self-reported accident data obtained from CrowdFlower. 
The research was approved by the Human Research Ethics Committee of Delft University of Technology. The 
survey instructions informed the respondent of the purpose of the research (i.e., “to examine self-reported driving 
behaviors in different countries of the world”). The first author provided his e-mail address so that respondents 
could ask questions (none of the respondents actually sent an e-mail). The survey instructions stated that one has to 
be at least 18 years old to participate, and to continue only when understanding that participation is voluntarily. 
Informed consent was obtained via a dedicated survey item asking whether the respondent had read and understood 
the survey instructions. This research and publication are in compliance with the Terms of Use of CrowdFlower 
(http://www.crowdflower.com/legal; http://www.crowdflower.com/survey). 
3. Results 
The results were gathered between 16 June 2014 16:59 and 17 June 2014 13:36 Central European Time. 
CrowdFlower offers respondents the option to provide satisfaction ratings regarding the completed task. The 
respondents were generally satisfied with both the task and payment (Overall satisfaction = 4.3/5; Instructions clear 
= 4.5/5; Ease of job = 4.4/5; Test questions fair = 4.1/5; Pay = 4.1/5). 
We excluded respondents who did not respond or filled out “no response” in one or more of the multiple-choice 
questions (N = 200), or indicated they had not read the instructions (N = 11), or were under 18 (N = 6), or never 
drive (N = 189), or drive 0 km per year (N = 155). Accordingly, 345 unique respondents were excluded, leaving 
1,517 respondents for further analysis. For question 15, concerning the year when most cars will be able to drive in 
fully automated mode, 161 responses were excluded for reporting a year before 2014 (N = 51) or for giving a textual 
response (N = 110), such as “no idea”/”not sure”/“don’t know” (N = 14). We coded the response “never” and similar 
responses as 9999 years (N = 41). We also excluded phrases which contained a year complemented with text (e.g., 
“more than 20 years”, “in 10 years”, or “2030 or maybe never”), because no specific year could be extracted in these 
cases (e.g., “more than 20 years” could be any year after the year 2034). 
Table 1. Definition of variables extracted from the survey and corresponding mean and standard deviation (SD) values. 
Variable Full question as reported in the survey Our coding Mean (SD) 
1. Gender What is your gender? 1 = Female, 2 = Male 0.68 (0.47) 
2. Age What is your age? Free textual response 32.95 (11.19) 
3. DriveFreq On average, how often did you drive a vehicle in the last 12 months? From 0 = Never to 5 = Every day 3.85 (1.18) 
4. NrAcc How many accidents were you involved in when you were driving a car 
in the last 3 years? 
From 0 to 5 accidents; a response “more 
than 5” was coded as 6 
0.43 (0.88) 
5. KmYear About how many kilometers did you drive in the last 12 months? (If you 
are not certain, please give as good an estimate as you can) 
From 0 = 0 km to 10 = More than 100,000 
km 
3.59 (2.06) 
6. Vangered How often do you do the following?: Becoming angered by a particular 
type of driver, and indicate your hostility by whatever means you can. 
From 0 = Never to 5 = Nearly all the time 1.32 (1.12) 
7. Vmotorway How often do you do the following?: Disregarding the speed limit on a 
motorway. 
From 0 = Never to 5 = Nearly all the time 1.33 (1.24) 
8. Vresident How often do you do the following?: Disregarding the speed limit on a 
residential road. 
From 0 = Never to 5 = Nearly all the time 1.36 (1.22) 
9. Vfollowing How often do you do the following?: Driving so close to the car in front 
that it would be difficult to stop in an emergency. 
From 0 = Never to 5 = Nearly all the time 0.75 (0.98) 
10. Vrace How often do you do the following?: Racing away from traffic lights 
with the intention of beating the driver next to you. 
From 0 = Never to 5 = Nearly all the time 0.55 (0.95) 
11. Vhorn How often do you do the following?: Sounding your horn to indicate 
your annoyance with another road user. 
From 0 = Never to 5 = Nearly all the time 1.42 (1.06) 
12. Vphone How often do you do the following?: Using a mobile phone without a 
hands-free kit. 
From 0 = Never to 5 = Nearly all the time 0.98 (1.21) 
13. Vmean – Mean across the above 7 violation items 1.10 (0.71) 
14. Google Have you heard of the Google Driverless Car? 0 = No, 1 = Yes 0.50 (0.50) 
15. YearAuto In which year you think that most cars will be able to drive fully 
automatically on the roads in your country? 
Free textual response 2030a (1028) 
16. SurvTime – Survey completion time in seconds 182.4 (94.2) 
aFor YearAuto, the median is reported instead of the mean because the distribution was highly skewed. 
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3.1. Analysis at the individual level 
Table 1 shows the descriptive statistics. The respondents’ mean age was 32.95 years, and 68% were male. The 
respondents reported on average 0.43 accidents in the past three years. Becoming angered at another driver, 
speeding (on a motorway or residential road), and horn honking were the most common violations, whereas racing 
away from a traffic light was the least common one. Half of the respondents had heard of the Google Driverless Car 
before. People expected most cars to be able to drive in fully automatically around 2030 (median value). 
Table 2 shows the correlation matrix of the variables. Consistent with the meta-analysis by De Winter and Dodou 
[34], men reported more violations than women (ȡ = .19), older persons reported fewer violations than younger 
persons (ȡ = í.10), people with a higher driving frequency reported more violations (ȡ = .12), and people who drove 
more kilometers per year reported more violations (ȡ = .18). The number of violations correlated quite strongly with 
self-reported accidents (ȡ = .28), but not with familiarity with the Google Driverless Car (ȡ = í.01) or the expected 
year of fully automated cars on the road (ȡ = .00). 
3.2. Analysis at the national level 
The 1,517 respondents came from 88 different countries. To prevent erratic effects due to sampling error we 
selected only the 18 countries with 25 or more respondents. Table 3 shows clear national differences in self-reported 
accident rates and violations. Respondents in India and Indonesia reported the largest accident rates. Sounding a 
horn to indicate annoyance also seemed common in these two countries. Among Western countries, respondents in 
Spain and Italy reported more horn honking than respondents in Germany, in line with Forgas [45], who in a field 
experiment found that drivers in Spain and Italy (and France) honk faster than drivers in Germany. In some Western 
countries (e.g., Canada, Germany, Poland, Portugal), it was relatively common to disregard the speed limit. 
We calculated the correlation between self-reported accidents per country and the annual number of fatal 
accidents per 100,000 inhabitants according to WHO [37]. The results in Figure 1 reveal a strong association (ȡ = 
.79, p < .001, N = 18). The correlation between self-reported accidents and the number of road fatalities per 100,000 
vehicles was similar (ȡ = .68, p = .002, N = 18). The correlation between the countries’ mean violation score and the 
annual number of fatal accidents per inhabitant was ȡ = .58 (p = .013; N = 18), whereas the correlation between the 
countries’ mean violation score and the number of road fatalities per 100,000 vehicles was ȡ = .47 (p = .053; N = 
18). The correlations between self-reported violations and accidents within each country were overall positive, with 
a sample-size weighted correlation of ȡ = .26 (Table 3). 
Very fast respondents (the fastest 5%, M = 55.9 s, SD = 9.7 s, N = 75) showed the strongest Vmean-NrAcc 
correlation (ȡ = .55). Finally, we observed that respondents from English-speaking countries (Canada, U.S., Great 
Britain) took shorter time to fill out the survey than respondents from non-English-speaking countries (Table 3). 
Table 2. Spearman correlation matrix at individual respondent level (N = 1,517). 
 1. 2. 3. 4. 5. 6. 7. 8. 9. 10. 11. 12. 13. 14. 15. 
1.Gender                       
2.Age í.22                     
3.DriveFreq .05 .17                    
4.NrAcc .13 í.14 .12                   
5.KmYear .05 .21 .50 .09                 
6.Vangered .11 í.09 .05 .19 .08               
7.Vmotorway .09 .08 .07 .09 .14 .25              
8.Vresident .10 í.03 .09 .16 .12 .29 .54             
9.Vfollowing .11 í.12 .01 .21 .04 .25 .28 .32            
10.Vrace .12 í.08 .05 .14 .11 .35 .32 .37 .35           
11.Vhorn .15 í.13 .12 .28 .11 .37 .17 .30 .20 .26          
12.Vphone .12 í.09 .11 .22 .18 .25 .25 .30 .29 .29 .25         
13.Vmean .19 í.10 .12 .28 .18 .61 .65 .72 .56 .59 .57 .58       
14.Google .10 .01 í.01 .03 .02 í.01 .07 í.01 í.01 .04 í.04 í.07 í.01     
15.YearAuto .04 .00 í.05 í.04 í.04 .02 í.01 í.01 .00 í.03 í.04 .02 .00 í.14   
16.SurvTime .08 .02 í.06 .10 í.10 .02 í.02 í.01 .05 í.08 .12 .04 .05 í.09 .11 
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Table 3. Means per country for the 16 variables defined in Table 1 and Spearman (ȡ) and Pearson (r) correlations between Vmean and NrAcc.  
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BGR 30 0.60 35.5 3.43 0.17 2.57 1.03 0.93 0.93 0.87 0.30 1.17 1.07 0.90 0.27 2050 234 .35 .31 
BRA 30 0.77 27.1 3.77 0.50 3.73 1.53 1.40 1.27 0.97 0.23 1.17 0.67 1.03 0.50 2040 213 .39 .39 
CAN 108 0.42 40.3 3.91 0.19 3.85 1.10 1.68 1.47 0.50 0.42 1.09 0.46 0.96 0.48 2025 151 .19 .19 
DEU 26 0.73 36.5 3.88 0.15 3.96 1.19 1.58 1.77 0.81 0.46 0.88 0.54 1.03 0.54 2035 177 .49 .57 
ESP 65 0.72 30.2 3.85 0.29 3.46 1.22 1.29 1.20 0.72 0.42 1.40 0.71 0.99 0.57 2030 162 .47 .53 
GBR 107 0.51 38.7 3.99 0.12 3.64 1.15 1.30 1.08 0.39 0.50 1.08 0.26 0.82 0.58 2030 124 .08 .07 
GRC 39 0.67 32.5 4.31 0.41 3.85 1.46 1.49 1.28 0.79 0.44 1.23 1.23 1.13 0.49 2050 195 .15 .15 
IDN 51 0.78 28.9 3.94 0.71 3.59 1.49 0.80 1.10 0.98 0.67 1.80 1.31 1.17 0.51 2030 235 .46 .35 
IND 144 0.84 28.2 4.15 0.83 3.14 1.55 1.25 1.44 0.93 0.74 2.28 1.19 1.34 0.53 2030 203 .26 .28 
ITA 41 0.73 34.2 3.95 0.37 4.22 1.34 1.44 1.49 0.71 0.51 1.32 0.71 1.07 0.41 2030 178 .38 .33 
MYS 25 0.56 28.7 4.28 0.56 4.12 1.60 1.04 1.44 1.08 0.68 1.20 1.52 1.22 0.40 2030 209 .30 .31 
PHL 50 0.58 30.3 3.14 0.34 2.96 1.10 0.74 0.82 0.66 0.46 1.58 1.02 0.91 0.42 2025 186 .14 .14 
POL 25 0.72 29.6 3.96 0.56 4.04 1.60 1.44 1.88 0.48 0.64 0.96 0.92 1.13 0.56 2030 166 .09 í.01 
PRT 49 0.71 30.3 4.35 0.35 4.08 1.31 1.86 1.88 0.63 0.35 1.16 0.96 1.16 0.51 2030 178 .19 .12 
ROU 55 0.76 31.9 3.75 0.29 3.33 1.42 1.05 1.78 0.84 0.33 1.56 1.20 1.17 0.49 2050 186 .51 .55 
SRB 26 0.73 31.7 3.19 0.38 2.31 1.62 1.62 1.38 0.46 0.38 1.50 1.23 1.17 0.58 2050 210 .59 .62 
USA 141 0.39 40.2 4.05 0.16 4.16 0.93 1.60 1.35 0.49 0.55 1.09 0.84 0.98 0.54 2030 133 .22 .31 
VEN 32 0.91 28.2 3.97 0.53 3.47 1.09 1.22 1.19 0.56 0.47 1.75 1.31 1.08 0.31 2050 225 í.10 .07 
aFor YearAuto, the median is reported instead of the mean because the distribution was highly skewed (25.3). 
Country abbreviations according to ISO 3166-1 alpha-3. 
Fig. 1. Self-reported accidents versus road fatality statistics according to WHO (only the 18 countries having at least 25 respondents are shown). 
4. Discussion 
CrowdFlower turned out to be an efficient tool for gathering survey data. For $247 we obtained 1,862 responses 
within 20 hours. This result is in line with Crump et al. [14] who replicated various classical psychological tasks 
within a few hours via MTurk and concluded that “it was amazing how much data we could collect in a short period 
of time” (p. 16). As a reference, we requested a quote from a Dutch marketing agent, which had been used before by 
colleagues at our institution for a traffic psychology survey. For conducting a national Internet survey using 15 
questions and 2,000 respondents, the marketing agent requested 7,495 € ($9,097) excluding VAT. 
Correlations between the DBQ and age, gender, driving exposure, and self-reported accidents had the same 
direction as those in the literature [34]. At the national level, self-reported accidents and objective road safety data 
correlated fairly strongly (ȡ = .68/.79, N = 18), suggesting that the self-reported accident data were valid. 
The vast majority of DBQ research (i.e., several hundreds of studies by now [34,46]) has been conducted within a 
single country, whereas the most cross-cultural DBQ study so far was conducted across six countries [39]. Our 
sample contained 18 countries with 25 or more respondents, making it the most international DBQ sample to date. 
The correlation between violations and self-reported accidents (ȡ = .28 [r = .29]) was considerably stronger 
compared to past DBQ research (r = .13 in a meta-analysis of 23 samples [34]; r = .14 in a meta-analysis of 67 
samples [46]; r = .19 in a study using the exact same violations scale [43]). One possible explanation is common 
method variance, as suggested by the violations-accidents correlation being strongest among the fastest respondents. 
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Another explanation is the large variance of the predictor and criterion variables. Our sample included both 
countries with a very high number of road accidents (e.g., Malaysia, Brazil, India, Indonesia) and countries with a 
very low number of accidents (e.g., Great Britain, Germany). Indeed, the correlation between violations and self-
reported accidents was on average (slightly) weaker (ȡ = .26) per country than across countries (Table 3). 
CrowdFlower provides mechanisms to prevent contamination from scammers who try to abuse the 
crowdsourcing services for earning as much money as possible. Specifically, a requester can reject the work such 
that the worker does not get paid, and a quality control service can be applied which requires workers to answer test 
questions. We have not made use of these options. However, from the 1,862 respondents, only 11 respondents 
(0.6%) indicated they had not read the instructions, 21 did not fill in their age, and 2 submitted an unrealistic age 
(i.e., an age of 3 and 222, respectively). Furthermore, respondents, on average, took a reasonable amount of time (3 
min) to complete the survey, which corresponds to the duration mentioned in the survey instructions. 
Some have argued that crowdsourced samples are more diverse than laboratory samples, while others have 
warned that crowdsourced samples are generally younger [13], more highly educated [47,48], yet underemployed 
[8,13], compared to the general population. According to CrowdFlower, half of their workers have an annual 
household income of less than $10,000 (http://www.crowdflower.com/blog/2014/01/demographics-of-the-largest-
on-demand-workforce). Differences in Internet access and financial incentives may cause bias among countries. 
Another concern regarding the external validity of crowdsourced samples is that some respondents may have 
evolved into “professional” crowd workers [17]. Paolacci and Chandler [49] reported that 10% of the workers 
appeared to be responsible for completing 41% of all tasks on MTurk. This means that some workers gain high 
experience in tasks, thereby becoming atypical of the general population. It has been also reported that some 
workers follow their favorite requesters, which creates a dependency between results generated by the same research 
group [17,50]. Such concerns do not seem to apply to our study, as the use of CrowdFlower for scientific surveys is 
relatively new. 
Finally, our questions on automated driving are useful for shaping hypotheses about remedial measures for traffic 
violations. In our survey 74% of the respondents argued that fully automated driving will reach a 50% market share 
between now and 2050. In 2014, a survey among automotive experts showed that about 35% and 30% of them 
expected fully automated vehicles driving on the roads before 2030 and 2040, respectively [51]. On the other hand, 
we found it surprising that only half of the CrowdFlower respondents had heard of the Google Driverless Car, even 
in the U.S.. Given the media attention surrounding automated driving, we had expected this percentage to be higher. 
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